Abstract-The location-based social networks introduce a platform to understand the users' preferences. In general, the users of the social networks promote the exchange of data within their own networks. Such data are being used in the literature for a wide variety of location-aware recommendation systems. We investigate the role of amalgamation of real-time GPS logs, and historical check-in data in developing a restaurant recommendation system. In this paper, we propose a novel location, time and preference aware restaurant recommendation method using the users' current geospatial location, historical check-in data of the users, and the time of the recommendation request. In the proposed method, users' check-in histories are analyzed individually to discover users' visiting trends, food preference trends, and overall popularity of the restaurants. At the same time, each restaurant's operation time and the distance are modeled separately to compute recommendation scores of the restaurants. The recommendation scores are computed by considering four key factors, namely, i) user's preference scores, ii) the distance of the restaurants, iii) the time of a day, and iv) the popularity scores of the restaurants. Each of these key factors is modeled carefully to estimate realistic recommendation scores for the restaurants in a given geospatial range. We tested our proposed method using an available online dataset. The experimental results confirm the effectiveness of the proposed method.
I. INTRODUCTION
The location-based social network (LBSN) sites have been playing a crucial role in connecting people throughout the world because of the growing affordability of the GPS enabled mobile hand-held devices and the growing popularity of LBSN sites. The LBSN sites allow users to share thoughts, preferences, reviews, etc. to inform their near and dear ones about their experience, mood, feeling, etc.. Moreover, the users of some LBSN sites, such as Foursquare, GeoLife, and Facebook, are allowed to update their whereabout by "check-in" options of these sites. Alongside with other activities, the receivers of these information use it for finding preferred points-of-interest (POIs). A POI can be a place of attraction, a shopping mall, a public place, or a restaurant. In order to benefit the users, POI recommendation has become an important task of the LBSN sites [1] to recommend attractive POIs to users based on their own personal preferences.
Currently, the LBSN sites receive an unprecedented amount of check-in data than ever before which is good enough to describe a mobile device user's spatial, temporal, and social behavior [2] . A POI recommendation system recommends the users with a list of POI for which the users would be interested in. The POI recommendation systems can be very useful when someone visits a new geographical location. Such systems do not focus on a specific type of item recommendation. Rather, these systems offer recommendations for a wide variety of attractions in the urban area. Researchers explored many different types of POI recommendation techniques [3] , [4] to recommend POIs based on theories provided in [5] , [6] . However, a recommendation system designed only for recommending restaurants should consider the problem in a different manner than a general POI recommendation method. A restaurant recommendation method should consider a few factors which are not common with POI recommendations. Realizing the importance of having effective restaurant recommendation systems, many works have been published. Sarwat et al. [7] proposed a database system based recommendation system for personalized restaurant, movie, and research papers recommendation to users. In [8] , a generative probabilistic model was proposed to exploit the multi-aspect ratings of restaurants for restaurant recommendation tasks. In [9] , Kua et al. proposed a restaurant booking history based restaurant recommendation system which was applied to an online restaurant booking service in Taiwan. In [10] , a check-in, and review data based restaurant recommendation system was proposed. In [11] , a collaborative sanctioning system was described which provides weighting for ratings based on the reputation of the customers for the restaurant recommendation. In [12] , a group of users' preference aware Bayesian network based restaurant recommendation system was proposed for the mobile environment. Sun et al. [13] proposed a probabilistic factor analysis framework which exploits multi-source information for personalized restaurant recommendations. Each of these restaurant recommendation systems is suffering from some its own limitations.
An automatic and effective restaurant recommendation method should consider a number of factors for generating recommendations. Firstly, it should consider users' historical data to discover preference trend. Secondly, it should identify the timing of the restaurant operation to identify the type of meal it serves. A restaurant serves dinner would have different reputation than its services for lunch. Thirdly, the expert users' opinion should be considered for finding a well-reputed restaurant for a recommendation. Finally, the distance of the restaurant should be considered for modeling the willingness of going to a restaurant, as distance works inversely with the willingness of going to a restaurant. This means that people show less interest to go to a well reputed but far away restaurant. Figure 1 shows the system architecture of the proposed restaurant recommendation method. In the proposed method, all of the above-mentioned factors are considered for an effective restaurant recommendation method. The contributions of this paper are as follows.
1) An original method is proposed for modeling customers' visiting trends, discovering customers' food preference trend, and discovering restaurants popularity by assigning different levels of importance to the historical restaurant check-in data given by the customers.
2) The time of the restaurant recommendation is considered important as operation time of different restaurants varies. Hence, the operation time of each restaurant is modeled separately to incorporate time awareness in the proposed method. 3) A restaurant's distance is modeled carefully for balancing the quality and the distance trade-off for restaurant recommendation.
The rest of this paper is organized as follows. Section 2 discusses the related work. In Section 3, a detailed discussion on the proposed location, time, and preference aware restaurant recommendation technique is presented. The experimental results of the proposed method and discussion on the performance are presented in Section 4. Section 5 draws conclusion and addresses the future work.
II. RELATED WORK
Because of the increasing popularity of location-based social networks (LBSN), many research works have been done on POI recommendation. Collaborative filtering (CF) is one of the widely used approaches for recommendation systems. User-centric CF [1] , [2] , [14] focuses on details of the users' profiles and suggest venues based on similarity among user preferences. A drawback of user-centric CF approach is that it requires detailed information in the users' profile. However, Badrul et al. [15] , showed that venue-centric CF model gives better performance on recommendation tasks than user-centric models. Aside from CF based techniques, modelbased recommendation system encapsulates social opinion to offer recommendations. Model-based CF builds models based on LBSN data. Bao et al. [14] proposed a model based location expert algorithm using user's location history. In [16] , an algorithm is proposed which mines the most interesting locations and travel sequences from a large user-generated GPS trajectories dataset.
In [17] - [19] , the authors showed that customers' checkin behavior in LBSNs reflects a significant temporal pattern. A few research works were done to study temporal effect for location recommendation system on location-based social networks. Gao et al. [2] examined temporal properties on recommendation system and used matrix factorization considering temporal effects. A collaborative-filtering based method was used to identify users' temporal behavior pattern to extract similarity between user behavior pattern. Romain et al. [20] on the other hand investigated venue centric personalized recommendation system using the probabilistic approach on temporal effect. Yuan et al. [21] further investigated the temporal effect on user-based collaborative recommendations by dealing with the temporal and spatial behavior of users.
In [10] , a restaurant recommendation system was proposed which used a contextual probabilistic tensor factorization model for understanding the implicit and explicit dining preferences. Although it models the dining preferences of a user, it does not include expert opinion to proposed a recommendation. Kuo et al. [9] , proposed a model-based restaurant recommendation method which explicitly models the relationship between context and users' restaurant booking history. The method proposed in [9] is considered as an effective method, however, it does not incorporate the distance of the restaurant which would lead an inappropriate recommendation. In [13] , a probabilistic factor analysis framework was proposed for personalized restaurant recommendations by modeling user's preferences influence by their and human mobility patterns. Although their work opened a new dimension for the restaurant recommendation task, some essential considerations, such as restaurant-user relationship and restaurant operation time, are missing. Fu et al. [8] , proposed a collaborative probabilistic factor analysis framework which used profile similarity, rating triplet, and geographic influence into consideration for the restaurant recommendation. This method does not consider the restaurant operation time and distance of the restaurant in their proposed methodology.
Our proposed recommendation method handles the limitations mentioned above. The proposed method uses a modelbased recommendation framework that incorporate users' historical check-in data, experts' restaurants visiting trends, time awareness and the distance of the restaurant from a user's current location. The proposed method is described in the following section.
III. PROPOSED METHOD
In this section, the detail of the proposed restaurant recommendation method is introduced. This proposed method consists of two components. 1) Offline calculations, 2) Online Recommendations. In Figure 1 , both of these components are marked. In the following subsections, each of these components are discussed.
A. Offline Calculations
The offline calculations part is in charge of computing most of the expensing calculations to provide the real-time recommendation. We formulate the following items in the offline calculations part.
• Modeling Users' Visiting Trends • Discovering Users' Preferences • Discovering Restaurants' Popularity • Modeling Restaurants' Operation Times In the following, each of these items is discussed in detail.
1) Modeling Users' Visiting Trends: Usually, a consistent service providing restaurant experiences consistent inflow of customers. However, the visiting trend may also change depending on the provided service quality over time. A poorly performing older restaurant may face-lift by improving the overall quality of their services. Similarly, a traditionally good restaurant may lose their fame by rendering poor services. In both cases, the restaurants will not experience changing visiting trend by the users abruptly. Rather, the restaurants will experience a gradual change on users' visits with the passage of time.
Based on the above discussion, let us formalize the problem. Let us assume that we have n users and m restaurants in a city.
The idea is that a latest visit to a restaurant at time t gets higher weight than the earlier visits.
where, τ is a variable which determines the time frame in number of days (e.g., 200 days), and
is number of day between the check-in date t and the current date. Now, using user's check-in history v
where
Each record of M v is represented by x i,j , which is an aggregated score of user i for visiting restaurant j.
2) Discovering Users' Preferences: Preferred food types of a user play a vital role in choosing a restaurant for having a meal. A user's food tastes change depending on the sessions, and over the period of time. For example, users like to eat warm food in winter whereas users have cold-food in summer. Moreover, people loving Indian food may have newly fallen love with French food. It is important to discover this food preference trend of a user to provide an effective recommendation. Let us assume that there are p categories of food served in the whole set of m restaurants. A food category k is identified by ζ k and each restaurant j ∈ {ζ k }. Now, based on the restaurant categories, users food category preference trends are discovered by summarizing the values in M v into a users' food preference matrix M p as given in Equation 3 .
3) Discovering Restaurants' Popularity: A restaurant's popularity is another criteria to be considered for a restaurant recommendation. In order to measure the qualitative popularity of a restaurant, we should not only consider the number of visits to a restaurant but also consider users' expertise in that category of food. In a similar manner, a user's expertise in a category of food depends on not only amount of visits to different restaurants but also the popularity of the restaurant. In order to do that, users' visiting trend plays a great role. A user's recent visiting experience is more useful for a recommendation than a few months old visit to the same restaurant. Therefore, restaurants popularity are discovered using M v and the mutual reinforcement relationship between users' expertise and restaurants' popularity influenced by [22] , [23] . Figure 2 shows mutual reinforcement relationship between users' experience and restaurants popularity. Let a vector h = [h 1 , h 2 , . . . , h n ]
T is considered as "hub" vector and is used to store each user's experience and a vector a = [a 1 , a 2 , . . . , a m ]
T is considered as "authority" vector and is used to store restaurants' popularity. The mutual reinforcement relationship is computed using Equation 4. 
Since, there are no data available about user expertise at the beginning, we initialize h = 1. As more iteration of calculations happens using Equation 4 over time, the users' expertise and restaurants' popularity scores through the above equation become stable. 4) Modeling Restaurants' Operation Times: Awareness of time of operations of the restaurants is very important as long as the recommendation is concerned. To this end, we model the restaurants' activities by analyzing frequency distribution of users' check-in data to discover the times of operation. Restaurants serving only breakfast have high check-in frequency in the morning. While fast food restaurants serving 24 hours a day, 7 days in a week, have almost uniform frequency distribution in the users' check-in history. Hence modeling the restaurants' activities is considered as an important factor for the restaurant recommendation. In order to do that, we analyze the frequency distribution of the check-in history of each restaurant. The 24 hours of the day is equally divided into 6 bins. Let us assume that σ b j represents the total number of check-ins to a restaurant j for bin b, and ψ j represents the total number of check-ins for restaurant j.
and f b,j denotes the time awareness score of a restaurant j for bin b. All of the above offline calculations are done on a periodic basis. By doing this, new data are used to update the knowledge for effective recommendations for the users.
B. Online Recommendation
The online recommendations are made in real time for a request from a user. On recommendation request, a user's mobile device is to provide following data. 1) User's ID; 2) User's GPS coordinate; 3) Current time; 4) Preferred distance, λ i ; 5) Number of recommendations needed, κ t i . The first three inputs are taken from the user's device automatically, and the remaining inputs are taken from the user profiles. If a user does not provide those data in its profile then default values are to be used. For a recommendation response to the users, the following steps are to be followed.
• Modeling Restaurants' Distance • Generating Recommendation Scores 1) Modeling Restaurants' Distance: Usually, a user tends to show interest to visit restaurants with good quality in the nearest proximity. Alternatively, many restaurant recommendations are needed to the users at their working place or those who need to finish a meal quickly. In such case, they normally prefer closer restaurants than the distant ones. Based on these observations, a distance factor is to be incorporated for a restaurant recommendation. In order to do that, all the restaurants j within the user's preferred distance are identified and calculated a distance score d j using a function given in Equation 6 . The distance score lies in [0, 1]. As a result, restaurants closer to a user gets higher distance score of d j , closer to 1 and distance score decreases gradually as the distance of the restaurants δ j increase.
where λ i is the preferred distance of user i given (λ i ≥ 1), and δ j is the distance of a restaurant j from the user's current location.
2) Generating Recommendation Scores: On receiving a recommendation request from an user i, a recommendation score ρ j is calculated for each restaurant j using four factors, namely 1) the user's preference score on each restaurant category, c i,k ; 2) the restaurants' popularity, a j ; 3) the timeawareness score of each restaurant, f b,j ; and 4) the distance score of each restaurant, d j . The recommendation scores are computed using Equation 7.
After computations of the recommendation scores of all the restaurants within the preferred distance, the user i is recommended with the top κ t i restaurants based on ρ j values.
IV. EXPERIMENTAL RESULTS
We experimented the proposed method using the dataset introduced in [24] , [25] . The dataset includes 18 months global-scale check-in data collected from Foursquare, having 33, 278, 683 check-ins by 266, 909 users on 3, 680, 126 venues in 415 cities in 77 countries. To fit the dataset into our problem domain, we have filtered out all the check-in data except the check-ins from Paris related to food/restaurants. In total 7, 991 restaurants are there having 111, 325 check-ins from 6, 903 users for 111 categories of food.
Since, there are no users' expertise scores or restaurant popularity values in the beginning during the cold-start, we have to go figure out them from the existing data. In order to do that, initially, the offline calculations of the proposed method starts with calculating the offline components for the past 10 days, one iteration each for a day using τ = 240 days. From then on, the offline components are calculated once a day using the updated check-in data. In the simulation, a recommendation request is made by a user 1077, with the following data. 1) user ID j = 1077; 2) user's GPS coordinate = 0.852631, 0.041807; 3) current time t = 1 : 35 PM 4) preferred distance λ 1077 = 5 km; 5) Number of recommendation needed κ t i = 3. As the Table I shows, for a recommendation request made during the lunch time, in the recommendation response, out of three recommendations two of them are French restaurants and the other one is a Japanese Sushi restaurant. The restaurant having ID 651 appears on the top of the recommendation table because of its high popularity score a j , and food category preference scores c i,k . The high a j reflects that 651 is a very popular restaurant within the given proximity. The category preference scores c i,k is high because the user's recent food preference trend to French food is high. Although the restaurant is a bit far (distance score is low, 0.61), due to these two strong factors, the restaurant 615 appears on the top of the table. In the second position of the recommendations in Table  I , a Sushi restaurant appears because of near proximity d j (high distance score 0.92) and very high popularity score of the restaurant. Although the user 1077's current food preference trend c i,k to Sushi restaurants is low, due to the mentioned two strong factors it took the second position. The third restaurant appears in Table I with a low recommendation score ρ j = 4.72.
For the sake of completeness, the recommendation effectiveness of the proposed method is compared with the effectiveness of the method proposed in [14] . The method described in [14] , is applied on the dataset discussed above. For recommendation request made by an user 1426 to both methods using the following information, 1) user ID j = 1426; 2) user's GPS coordinate = 0.853044, 0.040632; 3) current time t = 7 : 48 AM; 4) preferred distance λ 1426 = 5 km; 5) Number of recommendation needed κ t i = 3, the recommendation responses are given in Table II and Table III for the proposed method and the method in [14] respectively. As the recommendation requests are made in the morning, generally the restaurants which offer breakfast are appropriate for recommendations. The recommendations generated by the proposed method shown in Table II . As it can be seen, all of the recommended restaurants offer breakfast. Once again, due to high popularity score a j and high time awareness scores f b,j of the Coffee shop 1911 is recommended with the top priority. The restaurants 150 and 4173 appear in the second and the third position in Table II because of low popularity scores even though these restaurants are closer than the first restaurant in Table II . In comparison, the first recommendation offered by the method [14] matches with our first recommendation due to the restaurant 1911's high popularity. However, the remaining recommendations (Pub and Bar) offered by [14] are not relevant at all even though both of these two recommendations have high recommendation scores. It is evident that the qualitative recommendations offered by the proposed method are better than the method in [14] . In summary, it is claimed that the recommendations offered by our proposed method are more effective and relevant than [14] for the purpose of restaurant recommendation.
V. CONCLUSION
Location-based social network sites opened a promising field of research to recommend a wide variety of locations to the users. Some type of locations, such as a shopping mall and a tourist attraction, can be recommended using a generalized recommendation method. However, for restaurant recommendation needs a special attention to formulating recommendation method individually. In this paper, we have proposed an original restaurant recommendation method using a user's check-in history, user's current location, time of the day, and user's preferences. At first, users' visiting history has been formulated into a matrix using a logistic function. Using the computed matrix, users' visiting trends, users' preferences, and restaurants' popularity have been discovered. Then, the restaurants' operation time has been modeled to understand the activities of a restaurant. The distance of a restaurant has also been modeled to fit in the proposed restaurant. After computing these factors, the recommendation scores are computed. The proposed recommendation technique demonstrated its effectiveness on an open dataset. The current method does not consider customers' reviews. In future, we will further incorporate review response factor in the proposed method.
